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Abstract— As the Computed Tomography (CT) requires nor-
mally hundreds of projections to reconstruct the image, patients are 
exposed to more X-ray energy, which may cause side effects such as 
cancer. Even when the variability of the particles in the object is very 
less, the Computed Tomography requires many projections for good 
quality reconstruction. Discrete Tomography makes use of less 
variability of the particles in an object to obtain good quality 
reconstruction. Though the reconstructed image and the original 
image have same projections, in general, they need not be the same. 
In addition to projections, if a priori information about the image is 
known, it is possible to obtain good quality reconstructed image. 
Here we give an efficient polynomial time algorithm to reconstruct a 
bi-level 3D-(1,1,1)-periodic image from its projection images along x 
and y directions , and a known sub image of the unknown image by 
reducing our reconstruction problem to integral max flow problem. 
Keywords—Discrete Tomography, Image Reconstruction, Pro-
jection, Computed Tomography, Integral Max Flow Problem. 
I. INTRODUCTION 
Tomography is the powerful technique to obtain images of 
3D-object in a nondestructive way from their projection 
images. The area of Discrete Tomography is concerned with 
the reconstruction of images of interiors of objects from few 
projection images. This has application in fields such as: image 
processing [1], statistical data security, biplane angiography 
[2], graph theory, crystallography, medical imaging [3] and 
Neutron Imaging etc. [4] gives the fundamentals related to this 
topic. 
We consider known sub image and periodicity constraints, 
to limit the possible solutions of 3D-Binary images having 
given projections. In [5], we have given an efficient algorithm 
to obtain images of interior of 3D-objects from two orthogonal 
projection and a known sub image. In [6], we have given an 
efficient algorithm to obtain images of interior of 3D-objects 
from two orthogonal projection with periodicity constraints. 
Here we consider reconstruction of objects with both period-
icity and sub image constraints. 
In the next section, we give the notations and definitions. In 
section 3, we give algorithm. In section 4, We have given 
some results obtained by simulation studies. In section 5, we 
discuss the correctness. In section 6, we discuss th complexity 
of the proposed algorithm. The paper concludes with a brief 
remark in section 7. 
II. NOTATIONS AND DEFINITIONS 
Let A = (ai,j,k) be a 3D-binary matrix of order l×m×n, where 
1 ≤ i ≤ l, 1 ≤ j ≤ m, 1 ≤ k ≤ n. Let X = (xj,k) and Y = (yi,k) be 
orthogonal projections along the axes x and y respectively, 
where 
We define diagonally homogeneous and strongly diagonally 
homogeneous 2D-matrices as follows. A 2D-matrix M = 
III.  RECONSTRUCTION WITH PERIODICITY AND SUB 
IMAGE CONSTRAINTS 
In this section, we give an algorithm to reconstruct a 
(1,1,1)-periodic image of size n n n from two orthogonal  × ×
projections such that the given sub image of the unknown 
image is a sub image of the reconstructed image.. 
Let  A  be a (1,1,1)-periodic matrix that represents the 
periodic image.  Since A is   (1,1,1)-periodic, for all 
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M)
Step =2: Compute fixedjpart F for the projection images X 
andY. 
Step 3: compute make-strong-homogeneous for the input F 
and the projection imaes obtained in step 3. 
Step 4: Compute mobilejpart M for the projection images 
obtained in step 4. 
Step 5: Compute B :=B + F + M. 
IV.   SIMULATION STUDIES 
We have taken a (1,1,1)-periodic phantom image of size 
256 x 256 x 256 (layers 25, 50 and 75 are given in Figure. 1) 
and computed row and column projections of the phantom 
image. We implemented algorithm given in [6] and the layers 
25, 50 and 75 of the reconstructed image are given in Figure 
2. Note that the Figure 2 is not same as Figure 1. For the 
implementation of our algorithm, we have considered row and 
column projections of the same phantom image and a priori 
sub image given in Figure 3 as input. The reconstructed image 
obtained by implementing our algorithm is same as the 
phantom image given in Figure 1. The reconstructed image is 
exactly same as the phantom image. But for the same phantom 
image given in Figure 1 and for the a priori sub image given 
in Figure 4, the reconstructed image by our algorithm is not 
the same as the original(phantom) image. The reconstructed 
image obtained by implementing proposed algorithm is same 
as the reconstructed image by algorithm given in [6](Figure 
2). 
V.  CORRECTNESS 
The algorithm Fixed part finds the fixed l's by considering 
the difference between adjacent row sums or column sums in 
adjacent layers in the diagonal direction . For each fixed 1, 
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the procedure Propagation fills F by periodicity (1, 1, 1) and 
decreases the values in projection matrices. At the end of fixed 
part  both projection matrices are diagonally homogeneous, 
and at the end of procedure make strong diagonal both 
projection matrices become strongly diagonally 
homogeneous. By Theorem 1, mobile part can be constructed 
if max flow value is same as ∑ C(s,di) , and there is no 3D-
periodic matrix whose projection is equal to the given 
projections, otherwise. 
VI. COMPLEXITY 
The algorithm Fixed part calls procedure propagation O(n
2) 
times, and each propagation does O(n)  operations. Hence 
Fixed part computation can be done in O(n
3) operations. Make 
strong homogeneous procedure  O(n
2)  operations. Since the 
number of vertices in graph G" defined in Theorem 1 is 2n + 
2, the sub graph of the bipartite graph consists of edges whose 
flow value is 1 in G" can be computed in O(n
3) by using max 
flow algorithm for the network. Hence the starting positions of 
all the loops are computed in O(n
3) operations. Since the 
number of loops is O(n)  and loop() works in O(n)  time, 
placement of loops takes O(n
2)  time. Hence the time 
complexity of reconstruction algorithm is O(n
3). 
 
VII. CONCLUSION 
In this paper we have reconstructed a 3D-bi-level image 
from its two orthogonal projections such that the given sub 
image is a sub image of reconstructed image and the recon-
structed image is also (1,1,1)-periodic. 3D-bi-level image re-
construction from two orthogonal projections with a priori sub 
image has polynomial time algorithm [5], 3D-bi-level (1,1,1)-
periodic image reconstruction from two orthogonal projections 
also has polynomial time algorithm [6]. The problem that we 
have solved in this paper considers both the constraints namely 
a priory sub image and periodicity constraints. As the number 
of constraints increases, the complexity of the problem in-
creases. However the quality of reconstructed image increases 
when the number of constraints increases. We implemented 
our algorithm and compared the quality of reconstructed image 
by our algorithm with the quality of reconstructed images by 
algorithm given in [6], and we have noticed that the recon-
structed image by the proposed algorithm is more close to 
original image than the reconstructed images by the algorithms 
given in [6]. One of the possible areas in which our algorithm 
can be used is medical imaging. Non invasive imaging tech-
niques such as MRI can be used to get a priori sub image. The 
more clear portion of MRI image can be considered as sub 
image of original image to be reconstructed and unclear 
portion of MRI image may be obtained by X-ray tomography 
from less number of projections. Another area of application 
is crystallography. Our algorithm can be used to reconstruct 
crystalline structure from two projections without damaging 
crystal. Though our algorithm always constructs an image 
whose orthogonal projections are the same as the orthogonal 
projections of the unknown image, the reconstructed image 
may be distorted from the unknown image if the unknown 
image is complex. 
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